Vision bascd vehicle recognition systcms have an impowant role in traffic suwcillance. Most of thcsc systems however fail to distinguish velucles with similar dimcnsions dnc to Ihc lack of other details. This paper presents a new scale spacc method for idcntifying componcnts of moving vehiclcs to cnablc recognition eventually. In thc proposcd method. vehiclcs are first dividcd into multi-scale regions based on the center of gravity of the foreground vehiclc mask. It utilizes both tlic texture scale space and tlic intensity scale space to detcmiine mgions that are homogenous in texture and intensity. from wluch vehicle components are identifed based on thc relations between these regions. This method was tested on over a hundred outdoor &IC images and the results are vely promising.
INTRODUCTION
In visual ttaffic surveillance, most vehicle recognition systems simply distinguish the size, dimension, shape or contour of the vehicle, from which vehicles can be categorized by type [3, 4, 6, 71. Gupte et al. [3] classified vehicles based on a non-rigid vehicle model, while Lai et al. [4] classified vehicles based on dimension. Tan et al.
[6] extracted vehicle by matching model discrimination, and Wei et al. [7] classified vehicles using a parameterized model and neural networks. With improvement from [4] , Fung et al. [l] additionally considered vehicle shape for classlfcation based on vehicle motion.
Broadly, these techniques addressed the problem of classifying vehicles of the same size or dimension. However, if different vehicles of similar dimension are present, these methods become inadequate, as similar sized vehicles will most likely be recognized as one class because of the non-utilization of vehicle details. Recently high-tech surveillance cameras are emerging and providing high resolution images. This motivates us to consider decomposing the vchiclc object into components such as roof. bonnet. wheels and etc, as an alternative way to discriminnte between diffcrcnt velucles. In this paper. wc propose a scale space method as dcpicted in Fig. 1 for this purpose. Assuming that the vehicle is in motion, we first employ the extraction method as described in [5] . 
PROPOSED METHOD
It is further assumcd that the surveillance camera is roadside mounted and stationary, while the light source can be single and strong (as in day time) or multiple and diffused (as in night time). Based on these assumptions, the proposed method comprises of: (1) vehicle extraction and dimension estimation; (2) multi-scale analysis and identification.
Vehicle Extraction and Dimension Estimation
In vehicle extraction, we first extract the moving vehicles from the stationary background using a texture-based method described in [5]. This method considers the textural difference between the vehicle and other road features and its merits are that it is accurate in generating a vehicle mask (outline describing the vehicle) and able to 0-7803-8554-3/04/$20.00 02004 IEEE.eliminate shadow and reflection on the vehicle chassis. Then, veluclc dimensions am estimated using tlie defonmblc model approach as described in [4] . wlucli relies on a set of calibntcd camerd parameters [2] . nus sct of calibrated camera parmeters is useful in providing tlic transfonnation bctween tlie 3D world coordinates and tlic 2D i&ge coordinates as seen by the camem. Vcliicle dimensions including width. Icngth and hciglit are subsequently calculated in 3D coordinates. This estimation method enables us to identify vehiclcs of similar dimensions for identification in the next step.
Multi-Scale Analysis and Identification
After tlic vclucles linvc becn extnctcd. tlie vehicle mask 0,: of cacli similar sized veluclc is constructed by segmenting the bounday of tlic vcliicle tluougli tlic subtraction bctwen tlic input rnme f; and tlic stationay background framc/b. O,.. is symbolized in Fig. 2(a) by the wlutc ellipse. Fig. 2(b-d) . illustrate tlie concept of scale spacc by partitioning 0,. into quirkrs each times (as in quad-tree mctliods). using the center-of-gravity (CG) algoritluii. nus algoritlun computes the CG of each region (or sub-region) and divides the region horizontally and vertically into four parts centered at tlie CG. If Oy is defincd as mot region R,, as shown in Fig. 2 Comparing to traditional edge detector of segmentation, our intensity IIR and textural TR couriers arc Iiclpful in sorting out vehicle components as each vehicle component has comparative intensity or t e s N d relationship with others. Fromall the T, at each scale. the mean Ts and moving average Ts are calculated by:
where S is the scale. At testure scale zero, T, is the largest and continues to decrease in subsequence scales until T, becomes zero for the smallest sub-region Ro. ...,,. The mean Us of all the U , at each scale is also calculated by:
To find a suitable scale for identification, we define tlie critical testural scale C , which is chosen when the difference between and T, is maximum, s=cs I n a X (~-T s ) (6) -Ts) corresponds to a scale (6 in this case) that other scales below or above it gives a smaller variance. If scale lower than CS is chosen, the component characteristics are insufficient to wartint an accurate identification. On the other hand, if scale higher than Cs is chosen instead. too many superfluous
As depicted in Fig. 3 , mas( and bounded by low intensity courier YR < YS (dark area) are defined as wheels, whereas regions with low intensity courier YR < Ys (dark area) and bounded by high tehmral courier TR > Ts (edge area) are defmed as windows. Region with low textural courier TR < Ts (flat area) are defined as vehicle body. Finally, regions with high textural courier TR > Ts (edge area) are defined as lights and grille where light regions contain high intensily courier YR > Ys @right area), while grille regions contain low intensity courier YR < Ys (dark area).
Once vehicle components are segmented, the geometric or transfonned features of these components may be used to describe each component, while the topological relationships between components IN^ also be used as additional feature dimension for identification.
RESULTS AND DISCUSSIONS
Over a hundred outdoor traffic image sequences on different roads have been captured under different 
CONCLUSIONS
In this papcr. we havc presentcd a ncw scalc space mcthod for idcntifying vchicle componcnts. In this method. tcitural differencc in mnlti-scalc regions is the key to analyzing the vehiclc image. USC in conjunction with the intensity difference. velucle components can be differentiated. In further devclopment. vehicle componcnt details will be utilized for recognition of similar sized vehicles.
